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Partial occlusion is a key factor affecting the performance of person re-identification (re-
ID). Although some solutions have been specially designed for occluded person re-ID, the
ambiguity of pedestrian appearances and complex backgrounds still pose great challenges.
Therefore, a key-point-aware occlusion suppression and semantic alignment (POS) method
is proposed in this study to alleviate the existing challenges in occluded person re-ID. This
method consists of three main modules: key point-aware semantic alignment (KPA-SA),
self-similarity guided feature discriminability enhancement (SGFDE), and global feature
extraction under occlusion suppression (GFE-UOS). In particular, the proposed KPA-SA
semantically aligns the activated areas corresponding to specific pedestrian key points
(e.g., head, shoulders, legs, feet) in multiple channels of different images. In addition,
according to the paired left and right pedestrian key points, a cross-fusion mechanism
can be applied to information compensation to alleviate information loss in occluded areas.
The proposed SGFDE utilizes the self-similarity of non-occluded information of the same
pedestrian captured from different views to enhance the discriminability of pedestrian
identity features and suppress interference information unrelated to pedestrian identity.
The proposed GFE-UOS fuses the heat maps of different key points to suppress the negative
impact of occlusion on global feature extraction. The comparative experimental results ver-
ify the effectiveness of the proposed POS and its superiority over state-of-the-art methods.
The related source codes were released on https://github.com/huangdaichui/occ_reid.

� 2022 Elsevier Inc. All rights reserved.
1. Introduction

As an important technique in intelligent monitoring, person re-ID is used to determine whether pedestrian images col-
lected by non-overlapping cameras contain the same pedestrian(s). Following the rapid development of deep learning, deep
neural network-based person re-ID has progressed significantly in recent years [28,12,35,37,29,46,5,33]. Pedestrians are
often occluded with varying degrees in real-world scenes; therefore, all the physical features of a pedestrian cannot be
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presented by one image, which poses a great challenge to the existing person re-ID solutions. To solve this issue, occluded
person re-IDs have drawn the attention of many researchers, and some feasible solutions have been proposed [4,27].

As shown in Fig. 1, owing to the differences caused by occlusion, camera views, and pedestrian postures, there is no cor-
respondence between the same spatial positions in different images. If an unspecified feature encoder (FEN) is directly
applied to this type of image, the discriminability of the extracted features is relatively low because of the non-
correspondence of body parts at the same positions, thereby reducing the matching accuracy of pedestrian images. In addi-
tion, occlusion inevitably introduces irrelevant identity features to pedestrians, which further aggravates the ambiguity of
pedestrian appearances. Although existing methods consider the poor recognition performance caused by the non-
correspondence of feature semantics, they ignore the impact of occlusion on feature extraction [3,10,19,14,48]. Therefore,
they often show unsatisfactory recognition performance in occluded person re-IDs.

Based on the a priori paired pedestrian key points (excluding the key point of the head), this study proposes a key Point-
aware Occlusion suppression and Semantic alignment (POS) method for occluded pedestrian re-ID. This method is primarily
composed of three modules: key point-aware semantic alignment (KPA-SA), self-similarity guided feature discriminability
enhancement (SGFDE), and global feature extraction under occlusion suppression (GFE-UOS).

In contrast to the existing key point-based person re-ID methods [4,27] and feature semantic alignment methods [10,3],
the proposed module KPA-SA uses a pedestrian key point-aware method to align the local pedestrian areas concerned by
different feature channels and enrich the information of the corresponding local areas. Owing to the differences caused
by occlusion and views, the features at the same spatial positions of different images do not correspond to each other.
The proposed FEN can activate the areas corresponding to the same pedestrian key points on the feature channels of the
same serial numbers in different images. As shown in Fig. 2, once the proposed network can activate and focus on key
point-aware areas, the semantic alignment of image features from different pedestrian images can be achieved. In the above
process, the heat maps generated by the key-point detection model enable the FEN to achieve the semantic alignment of key
points under the constraints of key-point categories. Consequently, the above non-correspondence issue of the features can
be solved. Moreover, the symmetric information compensation of pedestrian key points is explored using a cross-fusion
mechanism to alleviate the information loss of occluded areas. Since the key points of a pedestrian are distributed in differ-
ent areas of the pedestrian body, KPA-SA can extract the features of the corresponding non-occluded area of each key point
driven by key point perception. Therefore, when the area corresponding to a certain key point is occluded, the proposed
method can extract the discriminative features from the areas corresponding to the other key points. Unlike KPA-SA, most
traditional person re-ID models focus only on the most discriminative areas of pedestrians. Once the focused area is occluded
and invisible, the performance of the corresponding model is compromised. This issue is effectively solved by KPA-SA.

The proposed SGFDE module enhances the feature discriminability of non-occluded areas. The differences in the occluded
areas of the same pedestrians from different views and the feature similarities of the non-occluded areas are comprehen-
sively analyzed. Therefore, the discriminability of pedestrian identity features is enhanced, and the occlusion suppression
is realized simultaneously. The proposed GFE-UOS module first fuses the heat maps of different key points to form a global
heat map. The obtained global heat map is then used to assist the extraction of global features, in which global average pool-
ing (GAP) and global maximum pooling (GMP) are integrated to strengthen the discriminative features of pedestrians. This
module effectively not only extracts the discriminative features of pedestrians from non-occluded areas, but also suppresses
occlusion and complex background simultaneously. The proposed POS is applied to six challenging benchmarks. The com-
parative experimental results verify that the proposed POS achieves better overall performance than the state-of-the-art
methods for occluded person re-ID.
Fig. 1. Misalignment examples of different local areas of pedestrian images captured from different views. Due to various factors such as occlusion and
different viewing angles, the key points of different pedestrian images marked in sage green dots are distributed in different spatial positions of different
images. So, the same spatial positions of different images marked in red frames correspond to the features of different areas.
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Fig. 2. Illustration of key point-aware semantic alignment in the KPA-SA. The responses of pedestrian key points (e.g. head, shoulders, legs, feet, etc.) shown
in heat maps are focused by the proposed FEN. Red denotes the strong activation in heat maps. The first and last columns present the original images. The
feature maps of each original image has 2;048 channels. The activated areas corresponding to the same pedestrian key points from two different images are
aligned on the channel with the same serial number. (a) shows the alignment of the activated areas corresponding to the same pedestrian key points from
two images of different pedestrians. (b) shows the alignment of the activated areas corresponding to the same pedestrian key points from two images of the
same pedestrian.
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Three main contributions of this paper are summarized as follows.

� The KPA-SA module is developed to enable specific feature channels focus only on the areas corresponding to the key
points. So, the semantic alignment of features from non-occluded pedestrian areas and the discriminability enhancement
of local area features are realized. Moreover, according to the paired left and right pedestrian key points, an information
compensation solution for the left and right key points is proposed to alleviate the information loss in occluded areas.

� An SGFDE module is proposed to further explore the non-occluded areas. The diversity in the occluded areas of pedestrian
images captured from different views and the self-similarity of pedestrian identity features are utilized to facilitate occlu-
sion suppression and discriminability enhancement of pedestrian identity features.

� A GFE-UOS module is proposed to achieve the extraction of non-occluded global pedestrian features by the comprehen-
sive utilization of the generated pedestrian key-point heat maps. The complementarity of both global and salient pedes-
trian features is used to enhance the discriminability of the pedestrian identity features. According to the fused key-point
heat map, the occluded areas of pedestrians and complex backgrounds are effectively suppressed, and the pedestrian
identity features draw great attention from the FEN.

The rest of this paper is organized as follows: Section 2 discusses the related work; Section 3 specifies the proposed solution
in detail; Section 4 presents the comparative experiments and analyzes the corresponding experimental results, and Sec-
tion 5 concludes this paper.
2. Related Work

The re-ID of occluded pedestrians can be categorized into two types, occluded person re-IDs and partial person re-IDs.
Occluded person re-ID focuses on the re-ID of partially invisible pedestrians caused by occlusions. Partial person re-ID
mainly involves the re-ID of incomplete pedestrian images caused by occlusions or misdetections. There is no obvious dif-
ference between the above two types of person re-IDs. Occluded person re-ID methods are often suitable for scenes with
partial person re-ID. However, partial person re-ID methods often consider incomplete detection of the human body, and
the detected results do not contain any occlusions. Therefore, it is difficult to apply partial person re-ID methods to the
re-IDs of occluded pedestrians.
2.1. Occluded Person Re-ID

Pedestrian occlusions are unavoidable in the real-world environments. Therefore, person re-ID related applications are
necessary to consider the impact of occluded pedestrians on the recognition performance. Zhuo et al. [49] used occluded/
non-occluded binary classification loss to determine whether samples ware from an occluded or full-body sample set. In
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a subsequent work, Zhou et al. [50] designed a teacher-student learning framework to extract the robust features of occlu-
sion and highlight the discriminative areas using the predicted saliency maps. He et al. [7] proposed a re-ID method for
occluded pedestrians without alignment. Both the fully convolutional network and pyramid pooling were first used to
extract spatial pyramid features. Subsequently, a foreground-aware pyramid reconstruction matching method without
alignment was proposed to calculate the matching scores among the occluded pedestrians.

In a recent study, Gao et al. [4] proposed a pose-guided visible part matching method that can jointly learn the discrim-
inative features with pose-guided attention and self-mine partial visibility in an end-to-end framework. Zhang et al. [36]
used the relationship between person re-ID and semantic segmentation to construct a person re-ID network that is robust
to semantic perception and occlusion. Semantic segmentation is mainly used to filter out the impact of occlusion on pedes-
trian feature extraction. Tan et al. [25] proposed a multi-head self-attention network to remove unimportant information
from pedestrian images and obtain key local information for occluded person re-ID. Pedestrian key points can play a support-
ing role in improving the discriminability of pedestrian features [17,27]. Miao et al. [17] used the detection of key points to
estimate pedestrian postures; thus, non-occluded pedestrian features can be extracted from occluded pedestrian images.
Wang et al. [27] used the graph relationship between the key points of the human body to extract discriminative features
from occluded pedestrian images. In contrast to the above methods, the proposed solution uses pedestrian key points as
a guide to promote the FEN to activate the same key point areas on the feature channels of the same serial numbers in dif-
ferent images to achieve semantic alignment for the improvement of feature discriminability. Additionally, both information
loss and interference caused by occlusion can be effectively reduced in the extraction of discriminative features using the
proposed cross-fusion mechanism and self-similarity calculation of identity features.
2.2. Partial Person Re-ID

Owing to the incomplete detection and limitation of camera views, only partial areas containing pedestrians are shown in
one captured image, when pedestrians are occluded. Similar to occluded person re-ID, partial person re-ID [41] aims to
match partial query images with holistic images in a gallery set. Zheng et al.[41] proposed a global-to-local matching model
to obtain spatial layout information. He et al.[6] reconstructed the feature maps of partial queries from holistic pedestrian
images and further avoided the impact of a cluttered background using fore-background heat maps. Sun et al.[23] proposed
a visibility-aware part model that obtains the visibility of perceptive areas by self-supervised learning. To match a pair of
pedestrian images of different sizes, deep spatial feature reconstruction was proposed to avoid explicit alignment. Luo
et al.[16] proposed a deep partial re-ID framework based on pairwise spatial transformer networks, which can be obtained
by training the existing holistic person datasets. Both the inconsistency of partial pedestrian images and incomplete pedes-
trian features limit the further improvement of the aforementioned methods. In contrast to these methods, the proposed POS
makes full use of the paired left and right pedestrian key points and key point-aware semantic alignment; thus, it can effec-
tively solve the inconsistency of partial pedestrian image features and further improve the performance of partial person re-
ID.
3. Methodology

3.1. Overview

Given a training set Dt ¼ xi; yif gNt
i¼1, where Nt is the total number of images in Dt ; xi is the i-th image, yi 2 1;2; . . . ; Ltf gNt

i¼1 is
its corresponding identity label, and Lt is the total number of pedestrians. Suppose that the feature maps �F i ¼ EðxiÞf g are
obtained after the sample xi is input to the backbone. As shown in Fig. 3, the proposed POS is composed of three modules:
KPA-SA, SGFDE, and GFE-UOS. The KPA-SA module is used to realize the semantic alignment of features. The SGFDE module
is applied to enhance the discriminability of non-occluded information. The GFE-UOS module is used to achieve the extrac-
tion of non-occluded global features for pedestrian identity matching. As shown in Fig. 3, since xj only assists xi to suppress
the occluded information, the input image xj as the only input of SGFDE highlights the discriminability of the non-occluded
information in xi.

After the feature map �F i is input into the KPA-SA module, the heat maps corresponding to the key points are generated by
the existing detection model of pedestrian key points [22]. In this paper, key points include head, left and right shoulders, left
and right elbows, left and right hands, left and right crotches, left and right knees, and left and right ankles. The KPA-SA mod-
ule uses the features extracted by heat maps to build the key point-aware capability under the action of key-point classifiers.
Moreover, a cross fusion mechanism is embedded in the KPA-SA module for the compensation of occluded symmetric infor-
mation. In the SGFDE module, the dissimilarity of occlusion across multiple images of the same pedestrian captured from
different views is used to achieve the occlusion suppression and discriminability enhancement of pedestrian identity fea-
tures simultaneously. In the GFE-UOS module, the input feature maps �F i and the fused heat maps of key points are multiplied
element by element to achieve occlusion suppression and promote the extraction of global non-occluded features. The pro-
posed solution assumes that a pedestrian image has K þ 1 categories of key points (K categories are from the paired key
points and the remaining one category is from the human head) and a total of M key points.
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Fig. 3. Overall workflow of the proposed POS method. It consists of KPA-SA, SGFDE, and GFE-UOS three modules. Images xj and xi show the same pedestrian
from different views, and the image xj is used to assist the input image xi to extract the discriminative pedestrian identity features. In POS, the key-point
heat maps are first obtained after processing the input images by the encoder E and key-point detection model, and then the obtained key-point heat maps
are fused to generate the global feature heat map. The obtained global heat maps and key-point heat map are used to obtain the global and local features
corresponding to key points. The feature discriminability enhancement of the obtained results is achieved using the subsequent KPA-SA, SGFDE, and GFE-
UOS modules.
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3.2. Key Point-aware Semantic Alignment

Owing to the differences in occlusion, posture, and camera views, spatial misalignment as one key factor affecting feature
discriminability often appears in pedestrian images. Although some existing methods can alleviate this issue, they do not
consider the impact of occlusions on recognition performance [3,10]. According to existing research, the activated local
responses of different channels correspond to the specific body parts [3,10]. Based on this principle, a KPA-SA module is pro-
posed to alleviate the impact of both image space misalignment and occlusions on pedestrian identity matching. Specifically,
the key-point heat maps are used to obtain local features as follows:
f kl ¼ GAPðMk
l � EðxiÞÞ; ð1Þ

f kr ¼ GAPðMk
r � EðxiÞÞ; ð2Þ

f h ¼ GAPðMh � EðxiÞÞ; ð3Þ
where k 2 ½1;2; � � � ;K�; i 2 ½1;2; � � � ;Nt �; f kl ; f kr , and f h denote the local features corresponding to the left and right key points of

the k-th category of key points (except the head) and the key point of head, respectively. Mk
l and Mk

r represent the left and
right key-point heat maps of the k-th category of key points (except the head), respectively.Mh represents the blue heat map
corresponding to head. �means the element-wise multiplication. GAP is short for global average pooling. In Eqs. (1)–(3), the

heat maps Mk
l ;M

k
l and Mh are generated by the pre-trained HR-Net [22]. A high-resolution subnetwork is used as the first

stage of HR-Net, and then high-to-low resolution subnetworks are gradually added one by one to compose multiple stages.
Additionally, multi-resolution subnetworks are connected in parallel. Multi-scale fusion is repeated by exchanging informa-
tion in parallel multi-resolution subnetworks throughout the process. The key points are estimated on the high-resolution
representations output by HR-Net.

After the pedestrian image is input into HR-Net, the network estimates the position of each pedestrian key point and cal-
culates the probabilities of key points at each pixel. The obtained probabilities are used as the pixel values at the correspond-
ing pixels in the heat maps (refer to [22] for the related details). Since the pedestrian’s body exhibits left–right symmetry,
except for the key points involving head as the centerline, the remaining key points (consisting of left and right key points)
are in pairs. If partial local areas of pedestrians are occluded, according to the paired left and right of pedestrian key points,
the integration of symmetric key-point features is achieved using the following cross-fusion mechanism:
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~f kl ¼ wl � f kl þ ð1�wlÞ � f kr ; ð4Þ
~f kr ¼ wr � f kr þ ð1�wrÞ � f kl ; ð5Þ
where wl and wr as the learnable weight vectors control the left and right symmetric key points, respectively. 1 is a vector,

and the elements of 1 are 1. After integration, ~f kl and ~f kr represent the area features corresponding to the left and right key
points, respectively. The detailed process of the proposed cross-fusion is shown in Fig. 4.

In the above process, when the corresponding area of a key point is occluded, a certain compensation of the occluded area
can be achieved by taking advantage of the symmetry of the pedestrian’s body. So, the information loss in the occluded side
of the pedestrian can be effectively alleviated. Each element in the feature vector of each pedestrian image is obtained from
the feature map on the corresponding feature channel by GAP or GMP. Once the encoder E activates the local area responses
corresponding to the same pedestrian key points on the feature channels of the same serial numbers in different images, the
cross-image semantic alignment can be realized. So, the constraints on the corresponding areas of key points of each human
body after integration are shown as follows:
Lcat� id ¼ �
XN
i¼1

XM
m¼1

dmi logðWð~fmi ÞÞ; ð6Þ

Lped� id ¼ �
XN
i¼1

XM
m¼1

di logðWmð~fmi ÞÞ; ð7Þ
where ~fmi 2 f~f 1r ; ~f 1l ; ~f 2r ; ~f 2l ; � � � ; ~f Kr ; ~f Kl ; f hg is the feature vector corresponding to them-th key point of the i-th image xi by Eq. (4)
or (5). N is the batch size. W is the classifier of key-point categories. Wm is the pedestrian identity classifier corresponding to
~fmi . d

m
i is the category label corresponding to them-th key point of the i-th image xi. di is the identity label of ~fmi , and the value

of di equals 1 only at yi. The loss function Lcat� id shown in Eq. (6) enables the FEN to extract pedestrian features related to key-
point categories from the corresponding areas of key points; thus, the key point-aware semantic alignment is realized. The
loss function Lped� id shown in Eq. (7) enables the FEN to extract the features related to pedestrian identities from the corre-

sponding areas of key points. So, the feature discriminability is enhanced. In the loss function Lcat� id;W is used to assign ~fmi to
the category corresponding to the m-th key point of the i-th image xi, which can promote the FEN to achieve semantic align-
ment. In fact, the FEN focuses only on specific local areas of pedestrians on different feature channels. The obtained result by
performing GAP on a single feature channel also corresponds to the areas focused by the FEN. As shown in Fig. 5, the classifier
W with a fully connected layer is first used to assign the corresponding weights to the output results of cross fusion after
GAP, and then the weighted sum result is classified into the corresponding key-point category.

The fully connected layer of the classifierW has the same weight in different images. To achieve the correct classification,
the FEN needs to focus on the areas of the same key-point category on the feature channels, and align these feature channels
with the same channel number. Therefore, the semantic alignment can be achieved. At the same time, the channel alignment
also establishes the relationship between key points and the corresponding feature channels, which promotes the FEN to
focus on the relevant areas of key points.

In addition, the pedestrian key points are distributed in all key body parts of pedestrians. The minimization of the loss
functions Lcat� id and Lped� id enables the FEN to extract the features of the areas corresponding to all non-occluded key points
under the guidance of key point-aware constraints. So, the extracted features are complete and reliable. The proposed KPA-
SA module is conducive to enhancing the discriminability of features. As shown in Fig. 6(b), under the constraints of key-
point categories, the encoder E effectively activates local responses corresponding to key points. Since the encoder E focuses
on the relevant areas, it can help the FEN focus on the relevant areas of key points and learn more reliable and complete
Cross-fusion of the corresponding areas of the paired pedestrian key points (excluding the key point of the head). The left half shows the process of
ng the fused left-key-point features by the left-key-point feature vector under the action of the weights wl and 1-wl . The right half shows the process
ining the fused right-key-point features by the right-key-point feature vectors under the action of the weights wr and 1-wr .
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Fig. 5. Implementation process of the key point-aware semantic alignment. wl;h (l 2 f1;2; � � � ;Mg; h 2 f1;2; � � � ;2;048g) denotes the weight of the fully
connected layer on the h-th channel corresponding to them-th key point. The pedestrian body parts marked in different color frames correspond to the heat
maps (the activated local responses) marked in the same corresponding color frames on different channels.
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pedestrian features rather than extracting specific local pedestrian features. Therefore, the proposed person re-ID model is
robust to both partial occlusion and change of camera view.

Fig. 6(c) and (d) show the changes in the activation areas of one channel before and after adding the proposed KPA-SA
module. After adding the proposed KPA-SA module, the encoder E can activate the same spatial areas of the corresponding
key points on the feature channels with the same channel number across multiple different images. Therefore, the encoder E
can achieve semantic alignment across multiple images. When the encoder E lacks the constraints of the proposed KPA-SA
module, the activated areas of the same feature channels of different images are not consistent as shown in the first column
of Fig. 6(c) and (d). Without the constraints of the proposed KPA-SA module, the encoder E cannot effectively activate the
spatial local responses corresponding to the key points on the same channel across multiple images. So, the semantic align-
ment cannot be achieved by the encode E.
Fig. 6. Illustration of the effectiveness of the proposed KPA-SA module. Column (a) shows source images. The first column in (b) shows the areas focused by
the encoder Ewithout the KPA-SAmodule, and the second column in (b) shows the areas focused by the encoder E after adding the KPA-SA module. The first
column of (c) and (d) shows the areas activated by the encoder E on a specific channel without the KPA-SA module, and the second column of (c) and (d)
shows the areas activated by the encoder E on a specific channel after adding the KPA-SA module.
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3.3. Self-similarity Guided Discriminability Enhancement

The pedestrian images used in person re-ID are captured by non-overlapping cameras. Under different views, the occlu-
sions are often different, but the identity features of the same pedestrian usually remain same [39]. According to the self-
similarity of pedestrians and the differences of both occlusion and background under different views, the SGFDE module
is proposed to improve the feature discriminability of non-occluded areas. As shown in Fig. 7, the SGFDE includes two parts:
self-similarity calculation and similar feature enhancement. Before the self-similarity calculation, the feature maps �F i and �F j

of xi and xj are first filtered by the corresponding fused key-point heat maps Mf ;n ¼ Mh;n þ
PK

k¼1ðMk
l;n þMk

r;nÞ, where n ¼ i or

j;Mk
l;n;Mh;n, and Mk

r;n correspond to Mk
l ;Mh and Mk

r , respectively, and denote the corresponding key-point heat maps of image
xn.

Next, the filtered feature maps are input to the self-attention (SA) layer [30] to generate the input feature maps
F i;s ¼ SAðMf ;i � �F iÞ and F j;s ¼ SAðMf ;j � �F jÞ of the self-similarity calculation, and a 1� 1 convolution is used to fuse the
obtained results on the feature channels. After that, the reshape operation is performed. Finally, the result of xj obtained
in the above process is multiplied by the transposed result of xi to obtain a similarity matrix. As shown in Fig. 7, the similar
feature enhancement marked in a red dashed line frame has two branches. In one branch (flowchart is marked in light blue),
the result of self-similarity calculation is sequentially processed by softmax, reshape, and GMP on the feature channels, and
then the obtained result and the feature map of xi are multiplied element by element. In another branch (flowchart is marked
in green), the result of self-similarity calculation is sequentially processed by softmax, transpose, reshape, and GMP on the
feature channels, and the obtained result and the feature map of xj are then multiplied element by element. For image xi, the
above process can be formulated as follows:
Fig. 7.
and num
W.
F i ¼ GMPðResðSoftmaxððResðConv1ðF i;sÞÞÞT � Conv2ðF j;sÞÞÞÞ � Fi;s; ð8Þ
where � is the element-wise multiplication, F j;s as the output of the self-attention layer represents the feature map of any
pedestrian with the same identity as F i;s from different views, and Res represents the reshape operation. Conv is a 1� 1 con-
volution. GMP represents the global maximum pooling conducted on all feature channels.

For an image xj, there is a similar calculation method as follows:
F j ¼ GMPðResðSoftmaxððResðConv1ðF i;sÞÞÞT � Conv2ðF j;sÞÞÞ
TÞ � Fi;s; ð9Þ
The above results are summated, and the feature encoder E is optimized by the following cross entropy loss:
Lid ¼ �
XN
i¼1

di logðW id1ðGAPðF i þ F jÞÞÞ; ð10Þ
where W id1 is a pedestrian identity classifier corresponding to the integrated features GAPðF i þ F jÞ. The loss function Lid
ensures that the pedestrian features extracted after integration are still strongly discriminative. In the above method, xj only
assists xi in the extraction of non-occluded pedestrian identity features. Under the guidance of self-similarity, the identity-
related features in a single pedestrian image are effectively highlighted, and the non-identity-related occlusion and complex
background are effectively suppressed. So, the discriminability of pedestrian identity features can be effectively improved
under the supervision of person identity labels.
Self-similarity calculation and similar feature enhancement in SGFDE module. � denotes matrix multiplication. H;W , and C denote the height, width,
ber of channels of feature maps, respectively. C0 represents the number of channels after the convolutional layer (Conv). P is the product of H and

676



S. Wang, B. Huang, H. Li et al. Information Sciences 606 (2022) 669–687
3.4. Global Feature Extraction Under Occlusion Suppression

The proposed GFE-UOS module is applied to suppress the impact of occlusions on the enhancement of pedestrian identity

features. The fused heat mapMf ;n ¼ Mh;n þ
PK

k¼1ðMk
l;n þMk

r;nÞ is used to multiply the feature map EðxiÞ element by element to
filter out the features that are not related to the corresponding areas of pedestrian key points. So, the global feature extrac-
tion is achieved as follows:
~f i ¼ GAPðMf ;i � EðxiÞÞ; ð11Þ
f̂ i ¼ GMPðMf ;i � EðxiÞÞ; ð12Þ
where ~f i and f̂ i represent the global features extracted by GAP and the global salient features extracted by GMP, respectively.

To ensure the discriminability of ~f i and f̂ i , the following loss function is used to optimize the FEN:
Lice1 ¼ �
XN
i¼1

di logðWid2ð~f iÞÞ þ 1
N

XN
i¼1

max
~i

dð~fi ;~f~iÞ �min
i0

dð~fi ; ~fi0 Þ þ s
� �

þ
; ð13Þ

Lice2 ¼ �
XN
i¼1

di logðWid3ðf̂ iÞÞ þ 1
N

XN
i¼1

max
~i

dðf̂i ; f̂~iÞ �min
i0

dðf̂i ; f̂i0 Þ þ s
� �

þ
; ð14Þ
where e½ �þ ¼ max e;0f g. Wid2 and Wid3 are the corresponding person identity classifiers of ~f i and f̂ i, respectively. dð�; �Þ rep-
resents the Euclidean distance between two feature vectors. ~f~i and f̂~i are the corresponding hard positive samples of ~f i and f̂ i,

respectively (hard positive samples are not similar to ~f i and f̂ i, but have the same pedestrian identities with ~f i and f̂ i). ~f i0 and

f̂ i0 are the corresponding hard negative samples of ~f i and f̂ i, respectively (hard negative samples are difficult to distinguish

from ~f i and f̂ i and have different pedestrian identities from ~f i and f̂ i). ~i and i0 mean the index of the hard positive sample and
the hard negative sample. s is an interval constant that is set to 0.3 in this paper. In Eqs. (13) and (14), the loss functions Lice1
and Lice2 ensure that both GAP and GMP can extract discriminative features, respectively. Since ~f i and f̂ i have a certain com-

plementarity, ~f i and f̂ i are integrated as follows:
f i;f ¼ CNð~f i þ f̂ iÞ; ð15Þ

where CNð�Þ is short for the cross normalization layer[11]. In Eq. (15), CN is used to prevent the output distribution of the
middle layers (including convolution layer, pooling layer, and fully connected layer) of the FEN from changing during the
training process. To ensure the strong discriminability of f i;f , the cross entropy loss is used to optimize the encoder E as
follows:
Lce ¼ �
XN
i¼1

di logðWid4ðf i;f ÞÞ; ð16Þ
where Wid4 is the pedestrian identity classifier. In the proposed POS, the loss function Lce is used to ensure the discriminabil-
ity of the features normalized by CN.

3.5. Optimization and Algorithm

The total loss function can be expressed as follows:
L ¼ ðLice1 þ Lice2 þ LceÞ þ k1Lcat� id þ k2Lped� id þ k3Lid; ð17Þ
where k1; k2 and k3 are three hyperparameters, which control the corresponding loss functions respectively. ResNet50 pre-
trained on ImageNet [2] is used as the backbone. Images are adjusted to 256� 128 size before inputting to the encoder E.
2,048 feature maps of 16� 8 size are finally obtained after inputting to encoder E. All the network parameters are learned
by ADM optimizer [9]. The encoder E and pedestrian identity classifiers W;Wid1;Wid2;Wid3;Wid4, and Wm acting on the m-
th key point are trained by minimizing the corresponding loss functions. The optimization process is formalized in
Algorithm1.
677



S. Wang, B. Huang, H. Li et al. Information Sciences 606 (2022) 669–687
Algorithm1: Key Point-aware Occlusion Suppression and Semantic Alignment for Occluded Person Re-ID

Input: Training images and their labels Dt ¼ xi; yif gNt
i¼1, the number of batches, the maximum number of iterations

Output: The trained E, and the weights wl;wr .
for ite1 = 1 to the maximum number of iterations, do:
for ite2 = 1 to the number of batches, do:
1: Calculate f kl ; f

k
r ; f h by Eqs. (1)–(3).

2: Calculate ~f kl ;
~f kr by Eqs. (4) and (5).

3: Calculate Fi; Fj by Eqs. (8) and (9).

4: Calculate ~f i; f̂ i by Eqs. (11) and (12).
5: Update E;W;Wm;wl;wr by minimizing the loss functions shown in Eqs. (6) and (7).
6: Update E;Wid1 by minimizing the loss function shown in Eq. (10).
7: Update E;Wid2;Wid3;Wid4 by minimizing the loss functions shown in Eqs. (13), (14), and (16).
end for

end for
4. Experiments

4.1. Datasets and Evaluation Metrics

The proposed POS is applied to six challenging datasets to verify its effectiveness and superiority over existing methods.
These datasets include the occluded pedestrian re-ID datasets Occluded-DukeMTMC [17] and P-DukeMTMC-reID [49], the
partial pedestrian re-ID datasets Partial-REID [42] and Partial-iLIDS [6], and Market-1501 [40] and DukeMTMC-reID [43].
At the same time, the proposed POS is compared with the state-of-the-art methods to verify its superiority, and the effec-
tiveness of each part of POS is verified in ablation experiments. The settings of each dataset are shown in Table 1.

Occluded-DukeMTMC: This dataset is derived from DukeMTMC-reID and designed for occluded person re-ID. The sam-
ples in this dataset are collected by eight non-overlapping cameras. The training set contains 15,618 images of 702 pedes-
trians. The testing set contains 19,871 images of another 519 pedestrians, and each image contains occluded objects.

P-DukeMTMC-reID: The samples in P-DukeMTMC-reID are filtered from DukeMTMC-reID and constructed for occluded
person re-ID. All the samples of this dataset are collected by eight non-overlapping cameras. The training set contains 12,927
images of 665 pedestrians. The testing set contains 11,217 images of another 634 pedestrians. In the testing set, 2,163
occluded pedestrian images and the remaining 9,053 non-occluded images compose the Probe and Gallery, respectively.

Partial-REID: This dataset contains 600 images of 60 pedestrians collected by six non-overlapping cameras. Each pedes-
trian has five full-body images and five partially cropped images of occluded areas. The collections of both partially cropped
and full-body images are used as Probe and Gallery, respectively. Due to the small scale of this dataset, Market-1501 and
Partial-REID are used as the training and testing sets respectively, which are same as the experimental settings of existing
methods [27,4,25,16].

Partial-iLIDS: This dataset is derived from iLiDS [6]. The samples of this dataset come from two non-overlapping cameras,
including 238 images of 119 pedestrians in total. 119 images from one camera view are cropped according to occlusions. The
other 119 images are full-body images. In this paper, the collections of both cropped and full-body images are used as Probe
and Gallery, respectively. In the experiments, Market-1501 and Partial-iLIDS are used as the training and testing sets respec-
tively, which are same as the experimental settings of existing methods [27,4,25,16].

Market-1501: This dataset consists of 32,668 images of 1,501 pedestrians taken by six non-overlapping cameras. In this
dataset, the training set contains 12,936 images of 751 pedestrians, and the testing set contains 19,732 images of 750
pedestrians.
Table 1
Settings of different person Re-ID datasets in performance comparison. Ped: Number of pedestrians; Img: Number of images; Cam: Number of cameras.

Datasets Ped Training Gallery (Testing) Probe (Testing) Cam

Ped Img Ped Img Ped Img

Occluded-DukeMTMC 1,221 702 15,618 519 17,661 519 2,210 8
P-DukeMTMC-reID 1,299 665 12,927 634 9,053 634 2,163 8
Partial-REID 60 – – 60 300 60 300 4
Partial-iLIDS 119 – – 119 119 119 119 2
Market1501 1,501 751 12,936 750 19,732 750 3,368 6
DukeMTMC-reID 1,404 702 16,522 702 17,661 702 2,228 8
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DukeMTMC-reID: This dataset consists of 36,411 images of 1,404 pedestrians taken by eight non-overlapping cameras. In
this dataset, the training set contains 16,522 images of 702 pedestrians, and the testing set contains 19,889 images of the
remaining 702 pedestrians.

Evaluation Protocol: This paper uses both Cumulative Matching Characteristic (CMC) and mean Average Precision (mAP)
[40] as the objective evaluation indicators to evaluate the recognition performance, which are consistent with existing meth-
ods [40,11,4].
4.2. Implementation details

In the training process, the same random erasure, random cropping, and horizontal flip as existing solutions [44] are used
to achieve data augmentation. In this paper, the batch size N is set to 32. Each batch contains eight pedestrians, and each
pedestrian consists of four samples. There are 120 epochs in the whole training process. The initial learning rate of the
FEN and all classifiers is set to 0.0002, and the weight decay is set to 0.0005. In the 0 	 10th epoch, the warm-up strategy
used in [15] is applied to adjust the learning rate linearly. Starting from the 10th epoch, the learning rate remains unchanged
until the 40th epoch. In the 40th epoch, the learning rate attenuates to 10% and remains unchanged until the 70th epoch. In
the 70th epoch, the learning rate attenuates to 10% again and remains unchanged until the 120th epoch. In the experiments,
the hyperparameters k1; k2 and k3 are set to 0.5, 0.7, and 0.4, respectively. SubSection 4.5 shows the analysis process of these
three hyperparameters. The experiments in this paper are implemented on a single NVIDIA GeForce RTX2080Ti GPU, and the
pytorch framework [18] is used. In the testing process, the cosine distance is used to measure the similarity.
4.3. Ablation Study

The proposed POS is primarily composed of three modules, i.e., KPA-SA, SGFDE, and GFE-UOS. In the proposed POS, the
Baseline is obtained by minimizing loss Lice1 through training. To verify the effectiveness of each module, three different
modules are added to the Baseline in turn, the corresponding combinations of different modules and Baseline are compared
with each other. During this process, all the experiments are performed on Occluded-DukeMTMC, and the corresponding
results are shown in Table 2.

The effectiveness of KPA-SA: In this paper, the KPA-SA module is mainly used to alleviate the weak discriminability of
features caused by the spatial position misalignment of pedestrian images. As shown in Table 2, after adding KPA-SA to the
Baseline, Baseline + KPA-SA increases the corresponding recognition rates/accuracy 4.9%, 5.7%, 6.1%, and 2.8% on Rank-1,
Rank-5, Rank-10, and mAP, respectively. The experimental results confirm KPA-SA can improve the model performance.
KPA-SA achieves the semantic alignment of pedestrian features; thus, the interference caused by the posture changes and
occlusion is reduced.

The effectiveness of SGFDE: The SGFDE is proposed to further improve the discriminability of features. As shown in
Table 2, Baseline + SGFDE also increases the corresponding recognition rates/accuracy of Baseline 3.6%, 3.9%, 3.8%, and
3.6% on Rank-1, Rank-5, Rank-10, and mAP, respectively. The experimental results confirm SGFDE can improve the model
performance.

The effectiveness of GFE-UOS: The GFE-UOS uses both GMP and GAP to avoid the loss of pedestrian saliency information,
and also considers the interference caused by the occlusion on feature extraction. As shown in Table 2, Baseline + GFE-UOS
also increases the corresponding recognition rates/accuracy of Baseline 8.3%, 10.4%, 10.6%, and 1.0% on Rank-1, Rank-5, Rank-
10, and mAP, respectively. The experimental results confirm that GFE-UOS can play a positive role in improving the model
performance.

The effectiveness of twomodules: As shown in Table 2, the overall performance of Baseline + two modules is better than
the corresponding performance of Baseline + a single module. Specifically, Baseline + KPA-SA + SGFDE and Baseline + SGFDE +
GFE-UOS obtain better recognition rates on Rank-1, Rank-5, Rank-10, and mAP than all Baseline + a single module.
Baseline + KPA-SA + SGFDE is optimized by minimizing Lice1 þ k1Lcat� id þ k2Lped� id þ k3Lid. After adding SGFDE to
Baseline + KPA-SA, the corresponding recognition rates/accuracy increase 1.5%, 0.9%, and 2.6% on Rank-1, Rank-10, and
Table 2
Ablation study. The corresponding CMC rates(%) are listed to show the impact of each module on the proposed method.

Methods Rank-1 Rank-5 Rank-10 mAP

Baseline 49.0 64.3 69.8 42.6
Baseline + KPA-SA 53.9 70.0 75.9 45.4
Baseline + SGFDE 52.6 68.2 73.6 46.2

Baseline + GFE-UOS 57.3 74.7 80.4 43.6
Baseline + KPA-SA + SGFDE 55.4 70.0 76.8 48.0

Baseline + KPA-SA + GFE-UOS 63.5 78.1 83.5 53.6
Baseline + SGFDE + GFE-UOS 61.6 78.1 83.7 53.2

Baseline + KPA-SA + SGFDE + GFE-UOS 65.0 79.0 83.8 54.0
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mAP, respectively. Similarly, the SGFDE can also improve the performance of Baseline + GFE-UOS. The comparative results
further confirm that SGFDE plays a positive role in enhancing the discriminability of features.

The effectiveness of three modules: As a complete model, Baseline + KPA-SA + SGFDE + GFE-UOS is trained by minimiz-
ing the loss ðLice1 þ Lice2 þ LceÞ þ k1Lcat� id þ k2Lped� id þ k3Lid. Compared with all the Baseline, Baseline + a single module, and
Baseline + two modules, Baseline + KPA-SA + SGFDE + GFE-UOS achieves the best performance on Rank-1, Rank-5, Rank-
10, and mAP as shown in Table 2. So, the efficiency of the propose method is confirmed.

Performance analysis of each module on full-image datasets: Table 3 shows the performance of each module of the
proposed method on full-image datasets. When the proposed method is applied to two full-image datasets, DukeMTMC-
reID and Market-1501, each module still plays a positive role in improving recognition performance. Compared with the cor-
responding performance on occlusion datasets, the performance improvement of each module is quite limited. As the main
reason, the SGFDE and KPA-SA modules are designed for occlusion images. Image information is almost complete in full
images, so the SGFDE and KPA-SA modules are difficult to achieve the expected performance.

The ablation study on the number of key points: Fig. 8 shows the effect of the different number of key points on heat
maps and the performance of the proposed POS. As shown in Fig. 8 (a), when only one key point of the head is used, POS can
focus on the area corresponding to the key point. When 13 key points covering the whole pedestrian body are used, POS can
focus on all non-occluded areas of the pedestrian body. The coverage of key points on the pedestrian body determines the
performance of POS on the extraction of appearance features. As shown in Fig. 8 (b), when the number of key points
increases, the recognition accuracy on Rank-1 is gradually improved until the number of key points reaches 13. Additionally,
the recognition accuracy on mAP is also slightly improved. The above experimental results confirm complete pedestrian
appearance features are conducive to pedestrian identity matching. When there are too many key points, the semantic infor-
mation of each key point cannot be accurately distinguished due to the overlap between the semantics of each key point,
which affects the semantic alignment of global feature channels. Therefore, when the number of key points M ¼ 17, the
recognition performance of the proposed model cannot be further improved, and even mAP has a downward trend.
4.4. Comparison with The State-of-the-art Methods

Results on Occluded-DukeMTMC: To verify the performance of the proposed POS, it is applied to the commonly used
occlusion dataset Occluded-Duke, and its performance is compared with the state-of-the-art methods, including PartAlign
[38], PCB [24], PartBili [21], DSR [6], AdOccl [8], PGFA [17], HOReID [27], SORN [36] and MHSANet [25]. As shown in Table 4,
since the first seven methods do not consider the impact of occlusion on recognition performance, the recognition rate on
Rank-1 and accuracy on mAP are low. In this type of method, both 42.6% recognition rate on Rank-1 and 33.7% accuracy
on mAP obtained by PCB are the best results, which mean occlusion is a key factor affecting recognition performance.

AdOccl, PGFA, HOReID, and MHSANet consider the impact of occlusions on recognition performance. Therefore, compared
with the first type of method, the recognition rates on Rank-1 and accuracy on mAP of the four methods are significantly
improved. Both the latest methods HOReID and MHSANet achieve more than 55% recognition rate on Rank-1 and 42% accu-
racy on mAP. Compared with the above methods, the proposed POS considers the semantic alignment of pedestrian features,
uses the symmetry of the pedestrian’s body to compensate for the information loss of the occluded areas, and utilizes the
self-similarity of pedestrian identity features to enhance the discriminability of features, so it can achieve a better matching
accuracy. Specifically, the proposed POS achieves 65.0% recognition rate on Rank-1 and 54.0% accuracy on mAP, respectively.
Compared with MHSANet (SONR), the recognition accuracy and accuracy of the proposed POS on Rank-1 and mAP increase
by 9.6% (7.4%) and 11.6% (7.7%), respectively. All the above results confirm that the effectiveness of the proposed POS and its
superiority over existing methods.

Results on P-DukeMTMC-reID: To further verify the performance under occlusion interference, the proposed model is
applied to P-DukeMTMC-reID, and its performance is compared with the latest nine methods, including HACNN [13], PartBili
[21], PCB [24], OSNet [45], PGFA [17], TCSDO [50], PVPM [4], and MHSANet [25]. As shown in Table 5, the first five methods
do not consider the interference caused by occlusions, so the corresponding recognition rates are relatively low. TCSDO and
Table 3
Performance analysis of each module on DukeMTMC-reID and Market-1501. The corresponding CMC rates(%) are listed to show the impact of each module on
the full-image datasets.

Methods Market-1501 DukeMTMC-reID

Rank-1 Rank-5 mAP Rank-1 Rank-5 mAP

Baseline 93.6 98.1 85.2 86.3 94.3 75.1
Baseline + KPA-SA 94.0 98.0 85.9 87.9 94.3 76.1
Baseline + SGFDE 94.2 98.1 85.7 87.9 94.3 76.6

Baseline + GFE-UOS 94.8 98.3 86.0 88.1 94.6 76.2
Baseline + KPA-SA + SGFDE 94.8 98.2 86.1 88.0 94.3 76.7

Baseline + KPA-SA + GFE-UOS 94.9 98.2 85.9 88.6 94.6 76.7
Baseline + SGFDE + GFE-UOS 94.9 98.2 86.1 88.2 94.6 76.6

Baseline + KPA-SA + SGFDE + GFE-UOS 95.0 98.3 86.2 88.7 94.6 76.7
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Fig. 8. Ablation study on the number of key points. (a) Effect of the different number of key points on heat maps, (b) Effect of the different number of key
points on Rank-1 and mAP accuracy.

Table 4
Comparison of the proposed POS with the state-of-the-art methods on Occluded-DukeMTMC. The CMC rates(%) are listed. ‘–’ denotes that no reported result is
available. The best results are shown in bold and the second-best results are shown in italic.

Methods Rank-1 Rank-5 Rank-10 mAP

PartAlign[38] 28.8 44.6 51.0 20.2
PCB[24] 42.6 57.1 62.9 33.7

PartBili[21] 36.9 – – –
DSR[6] 40.8 58.2 65.2 30.4

AdOccl[8] 44.5 – – 32.2
PGFA[17] 51.4 68.6 74.9 37.3

HOReID[27] 55.1 – – 43.8
SORN[36] 57.6 73.3 79.0 46.3

MHSANet[25] 55.4 70.2 76.4 42.4
POS(Proposed) 65.0 79.0 83.8 54.0

Table 5
Comparison of the proposed POS with the state-of-the-art methods on P-DukeMTMC-reID. The CMC rates(%) are listed. ‘–’ denotes that no reported result is
available. The best results are shown in bold and the second-best results are shown in italic.

Methods Rank-1 Rank-5 Rank-10 mAP

HACNN[13] 30.4 42.1 49.0 17.0
PartBili[21] 39.2 50.6 56.4 25.4
PCB[24] 40.4 54.6 61.1 23.4

OSNet[45] 33.7 46.5 54.0 20.1
PGFA[17] 44.2 56.7 63.0 23.1
TCSDO[50] 51.4 58.5 69.7 55.6
PVPM[4] 51.5 64.4 69.6 29.2

MHSANet[25] 67.9 79.7 83.7 37.6
POS(Proposed) 72.1 84.2 87.7 59.4
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PGFA consider the interference caused by occlusions to pedestrian identity matching, so the corresponding recognition rates
on Rank-1 are improved compared with the first five methods. Similarly, the accuracy on mAP obtained by TCSDO is also
improved and higher than the corresponding ones obtained by the first five methods. The accuracy on mAP obtained by PGFA
is higher than the corresponding ones obtained by HACNN, and OSNet, but only lower than the corresponding ones obtained
by PartBili and PCB. The latest occluded person re-ID methods TCSDO, PVPM, and MHSANet achieve more than 51% recog-
nition rate on Rank-1 and 29.2% accuracy on mAP, respectively. The proposed POS achieves 72.1% recognition rate on Rank-1
and 59.4% accuracy on mAP, respectively. Compared with MHSANet (PVPM), the proposed POS increases the recognition rate
on Rank-1 and accuracy on mAP by 4.2% (20.6%) and 21.8% (30.2%), respectively. The above results further confirm the effec-
tiveness of the proposed POS in occluded person re-ID and its superiority over existing methods.
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Results on Partial-REID and Partial-iLIDS: The proposed POS is applied to two partial-ReID datasets, Partial-REID and
Partial-iLIDS, to further verify its performance by comparing with AMCSWM[42], IDE [40], DSR [6], PCB [24], OPR [49], OSNet
[45], PGFA [17], FPR [7], TCSDO [50], HOReID [27], PVPM [4], MHSANet [25] and STNReID [16]. Table 6 shows the recognition
accuracy of different methods on Rank-1, Rank-3, and mAP. For the Partial-REID (Partial-iLIDs) dataset, the proposed POS
obtains 86.1% (76.1%) recognition rate on Rank-1, 91.3% (88.5%) recognition rate on Rank-3, and 80.9% (70.3%) accuracy
on mAP, respectively. For the Partial-REID dataset, compared with the second-best result obtained by HOReID, this proposed
method improves the recognition accuracy on Rank-1 by 0.8%. For the Partial-iLIDs dataset, the proposed POS improves the
recognition accuracy on Rank-1 by 2.5 % compared with the second-best accuracy obtained by HOReID. It means that the
proposed POS can also achieve better recognition performance on partial datasets.

Results on non-occluded datasets: Although the three modules: KPA-SA, SGFDE and GFE-UOS in the proposed method
are all designed for occluded person re-ID, these three modules do not have any side effect on the corresponding recognition
performance of the proposed method, when a/multiple target pedestrians are not occluded. Therefore, the proposed method
can be applied to non-occluded person re-ID. In the following experiments, two challenging non-occluded datasets Market-
1501 and DukeMTMC-reID are used to verify the performance of the proposed POS by comparing with MCAM [20], PCBRPP
[24], FANN [47], PGFA [17], AANet [26], CAMA [32], OSNet [45], HACNDHA [31], SORN [36], HOReID [27] and MHSANet [25].
Table 7 shows the performance of different methods on Market-1501 and DukeMTMC-reID. For Market-1501 and
DukeMTMC-reID, the proposed POS achieves the 95.0% and 88.7% recognition rates on Rank-1, and 86.2% and 76.7% accuracy
on mAP, respectively. Compared with the second-best result obtained by OSNet and the performance of the latest methods
HOReID and MHSANet, the proposed POS shows stronger competitiveness. It further confirms that the effectiveness of the
proposed POS is superior to the existing similar methods.
4.5. Parameter Analysis

The proposed POS contains hyper-parameters k1; k2; k3. The impact of the hyper-parameters k1; k2 and k3 on model per-
formance is analyzed on Occluded-DukeMTMC. One of three hyper-parameters is changed in the analysis process, while
keeping two remaining hyper-parameters unchanged.

The impact of parameter k1 on model performance: Fig. 9(a) shows the impact of k1 on model performance, when the
value of k1 increases from 0.1 to 2. When k1 2 ½0:3;0:5�, the proposed POS shows better performance. When k1 ¼ 0:5, the pro-
posed POS achieves the highest recognition rate on Rank-1 and accuracy on mAP, respectively. When k1 > 0:5 , the model
performance decreases. Therefore, it is reasonable to set k1 ¼ 0:5 in this paper.

The impact of parameter k2 on model performance: In Eq. (17), k2 is used to adjust Lped� id. Fig. 9(b) shows the impact of
different values of k2 on model performance. When k2 increases from 0 to 0.2, the recognition accuracy of the model on Rank-
1 gradually decreases, and reaches the lowest value at k2 ¼ 0:2. When the value of k2 increases from 0.2 to 0.7, the model
achieves the highest recognition rate on Rank-1 and accuracy on mAP. So, k2 ¼ 0:7 is a reasonable setting.

The impact of parameter k3 on model performance: In Eq. (11), k3 is used to control Lid. Fig. 9(c) shows the model per-
formance according to the value changes of k3. When k3 ¼ 0:4, the proposed POS achieves the highest recognition perfor-
mance on Rank-1 and accuracy on mAP, respectitvely. When k3 > 0:4, the performance of the proposed POS decreases.
Therefore, k3 is set to 0.4 in the experiments.
Table 6
Comparison of the proposed POS with the state-of-the-art methods on Partial-REID and Partial-iLIDS. The CMC rates(%) are listed. ‘‘–” denotes that no reported
result is available. The best results are shown in bold and the second-best results are shown in italic.

Methods Partial-REID Partial-iLIDS

Rank-1 Rank-3 mAP Rank-1 Rank-3 mAP

AMCSWM[42] 37.3 46.0 31.3 21.0 32.8 –
IDE[40] 51.7 – 52.4 – – –
DSR[6] 50.7 70.0 – 58.8 67.2 –
PCB[24] 56.3 – 54.7 46.8 – 40.2
OPR[49] 78.5 – – – – –
OSNet[45] 48.7 – 49.3 – – –
PGFA[17] 68.0 80.0 – 69.1 80.9 –
FPR[7] 81.0 – 76.6 68.1 – 61.8

TCSDO[50] 69.2 – 73.1 – – –
HOReID[27] 85.3 91.0 – 72.6 86.4 –
PVPM[4] 78.3 – – – – –

MHSANet[25] 81.3 87.7 – 73.6 85.4 –
STNReID[16] 66.7 80.3 – 54.6 71.3 –

POS(Proposed) 86.1 91.3 80.9 76.1 88.5 70.3
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Table 7
Comparison of the proposed POS with the state-of-the-art methods on non-occluded Market-1501 and DukeMTMC-reID. The CMC rates(%) are listed. ‘‘–”
denotes that no reported result is available. The best results are shown in bold and the second-best results are shown in italic.

Methods Market-1501 DukeMTMC-reID

Rank-1 mAP Rank-1 mAP

MCAM[20] 83.8 74.3 – –
PCBRPP[24] 93.8 81.6 83.3 69.2
FANN[47] 90.3 76.1 – –
PGFA[17] 91.2 76.8 82.6 65.5
AANet[26] 93.9 83.4 87.7 74.3
CAMA[32] 94.7 84.5 85.8 72.9
OSNet[45] 94.8 84.9 88.6 73.5

HACNDHA[31] 91.3 76.0 81.3 64.1
SORN[36] 94.8 84.5 86.9 74.1

HOReID[27] 94.2 84.9 86.9 75.6
MHSANet[25] 94.6 84.0 87.3 73.1
POS(Proposed) 95.0 86.2 88.7 76.7

Fig. 9. Effect analysis on hyper-parameters k1; k2 and k3 of the proposed POS. When one parameter is evaluated, other parameters are fixed at the optimal
values. (a) The effect of k1 on Rank-1 and mAP accuracy, (b) The effect of k2 on Rank-1 and mAP accuracy, (c) The effect of k3 on Rank-1 and mAP accuracy.
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4.6. Robustness Analysis to Occlusion

Both the proposed method and HOReID are developed based on key point detection. Different degrees of occlusion bring
different levels of difficulty to the detection of pedestrian key points. To verify the performance of the proposed method
under different degrees of occlusion, 25%, 33.3%, 50%, 66.7%, and 75% occlusion are applied to the query samples of
DukeMTMC-reID dataset. The main obstructions include umbrellas, billboards, vehicles, and so on. Fig. 10 shows the perfor-
mance of different models on DukeMTMC-reID dataset with different degrees of occlusions. Fig. 11 visualizes the impact of
different degrees of occlusions on the retrieval results of the proposed method.
Fig. 10. Influence of different levels of occlusions on pedestrian identity matching.
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Fig. 11. The top five retrieval results of the proposed method under different degrees of occlusion. The green and red frames indicate correct and incorrect
matching results, respectively.
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According to the results shown in Fig. 10, as the degree of occlusions gradually increases, the difficulty of key point detec-
tion increases and the performance of the proposed method decreases. Compared with baseline and HOReID specially
designed for the re-ID of occluded pedestrians, the proposed POS achieves better performance. So, it confirms that the pro-
posed model is more robust to occlusion than the other two comparative methods. Fig. 11 shows the retrieval results of POS
on occlusion images with different degrees. The proposed method has relatively stable performance even under a high
degree of occlusion.
4.7. Training Cost Analysis

Table 8 shows the training cost, test cost, parameters and FLOPs of Baseline, HOReID, DSR and POS on Occluded-
DukeMTMC and Market-1501. Compared with Baseline, POS improves the recognition accuracy of Rank-1 and mAP by
16% and 11.4% respectively with an increase of 19.8G FLOPs, 63.6 M parameters and 5.9 h running time on Occluded-
DukeMTMC. Compared with Baseline, the training time, Rank-1, and mAP of POS increase by 5.2 h, 0.5%, and 0.3% respec-
tively on Market-1501. Compared with HOReID based on key point detection, POS spent 1.8 h and 1.2 h more training time
respectively on Occluded-DukeMTMC and Market-1501. However, POS improved Rank-1 and mAP by 9.9% and 10.2% (0.8%
and 1.3%) respectively on Occluded-DukeMTMC (Market-1501). Moreover, the testing time consumed by POS on both
Occluded-DukeMTMC and Market-1501 is less than that of HOReID. Compared with DSR without key point detection,
Table 8
Training time and testing time analysis of different methods on Occluded-DukeMTMC and Market-1501. ‘‘–” indicates that no reported result is available.

Methods Params/M FLOPs/G Occluded-DukeMTMC Market-1501

Training
Time/h

Testing
Time/s

Rank-1 mAP Training
Time/h

Testing
Time/s

Rank-1 mAP

Baseline 23.0 4.0 1.6 77 49.0 42.6 1.5 115 94.5 85.9
DSR 23.1 6.2 2.5 89 52.1 44.5 2.1 130 83.6 64.3

HOReID – – 5.7 206 55.1 43.8 5.5 252 94.2 84.9
POS 86.6 23.8 7.5 198 65.0 54.0 6.7 241 95.0 86.2

684



Table 9
Effect of CCC.

Datasets POS POS + CCC

Rank-1 mAP Rank-1 mAP

Occluded-DukeMTMC 65.0 54.0 65.0 54.2
DukeMTMC-reID 88.7 76.7 88.9 77.1
Market-1501 95.0 86.2 95.0 87.0
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POS consumed more training and testing time, but it achieved better performance. Since the proposed POS can be pre-
trained before actual deployment, there is no need to train it during practical use. Therefore, the increase in model training
cost does not affect the practical deployment and application of the proposed POS. Owing to the introduction of key point
detection, the testing efficiency of the propose POS decreases, but it can still meet the needs of real-world applications.

4.8. Discussion

Inspired by [34], the cross fusion mechanism discussed in Section 3.2 is improved by introducing cycle consistency con-

straints (CCC). Specifically, let FClr and FCrl be two full connection layers, f k
0

r ¼ FClrðf kl Þ; f k
0

l ¼ FCrlðf kr Þ; f k
0 0

r ¼ FClrðf k0l Þ, and
f k

00
l ¼ FCrlðf k0r Þ. So, the corresponding loss of CCC is

P
k¼1kf k

00
r � f krk22 þ kf k00l � f kl k22, which can ensure the consistency of identity

and semantic information in the transformation process and reduce information loss. The experimental results shown in
Table 9 demonstrate the effect of CCC.
5. Conclusion

This paper proposes an occluded person re-ID method called POS consisting of KPA-SA, SGFDE, and GFE-UOS three mod-
ules. The proposed KPA-SA can solve the misalignment of pedestrian images in spatial positions and use the paired key
points of the human body to alleviate the impact of occlusions. The proposed SGFDE utilizes the similarity of the same pedes-
trian captured from different views to realize the occlusion suppression by the FEN and enhancement of pedestrian identity
features. The proposed GFE-UOS uses the fused heat maps of different key points to extract the features of non-occluded
areas, which enhances the discriminability of global features. This paper verifies the effectiveness of each module of the pro-
posed POS in the ablation experiments. In addition, the comparative experimental results on six public datasets verify the
effectiveness of the proposed POS and its superiority over the state-of-the-art methods. In future, person re-ID across mul-
tiple occlusion datasets will be further explored to promote the popularization and application of person re-ID in real-world
scenes by integrating the idea of feature extraction in [1].
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